In construction, workers are frequently exposed to ergonomic risks that can lead to musculoskeletal disorders. To prevent ergonomic injuries, proper assessment of ergonomic risk is a key to identifying risk factors and modifying work practice in a timely manner. In field observation, however, difficulties in visually estimating human postures (e.g., body joint angles) required for ergonomic analysis have led to inconsistent results due to the subjectiveness of observers. This study thus proposes a fuzzy logic approach to posture-based ergonomic evaluation tools. Rapid Upper Limb Assessment (RULA) is selected as a case study to describe the fuzzy logic modelling of RULA scoring systems and discuss the application to modular construction shops. The results of validation comparing correlations with biomechanical analysis-used as a ground truth-reveal that the proposed system produces more accurate results than traditional methods and hence helps minimize human errors in observation for reliable on-site ergonomic assessment.
INTRODUCTION
Construction activities are labour-intensive, with workers repeatedly exposed to physically challenging manual tasks involving forceful exertion and awkward postures. Such ergonomic risk factors (e.g., worker posture and motions, frequency and speed of work, and intensity and duration of exerted force) are primary causes of Work-related Musculoskeletal Disorders (WMSDs), i.e., injuries and disorders of muscles, tendons, and nerves (CCOHS 2014) . Thus, the rate of work-related injuries and illnesses among construction workers is consistently reported to be high (Lopez and Gilkey 2014) . For example, WMSDs (e.g., sprains and strains) account for 40% of all lost time claims (WSIB 2014 ) and for about 47% of all disabling injury claims in the construction industry in Canada (OHS 2012) . WMSDs also impose substantial costs to employers due to lost productivity resulting from absenteeism, as well as increased health care, disability, and workers' compensation costs. The annual cost of WMSDs to the Canadian economy, including direct and indirect costs, is estimated to be $20 billion (McGee et al. 2011 ).
The leading source of ergonomic injuries is reported to be the workers themselves (i.e., bodily motion or posture) (WSIB 2014) , implying that modifying the postures and movements of D r a f t
Page 4 of 34 questionnaires. Observational methods involve an ergonomist or task analyst observing working postures and actions in real time or from recorded video in order to identify unsafe motions and take corrective measures (NIOSH 2014) . This type of evaluation is performed using ergonomic assessment tools which assign scores to manual tasks based on body posture, task repetitiveness, and duration. Examples of widely-used tools include Rapid Upper Limb Assessment (RULA) (McAtamney and Corlett 1993) , Rapid Entire Body Assessment (REBA) (Hignett and McAtamney 2000) , NIOSH lifting guideline (Waters et al. 1993) , and Strain Index (SI) (Moore and Garg 1995). The observation-based methods are used in construction to evaluate the ergonomic risks of human motions that are recorded to build digitalized skeleton models in a virtual environment (Golabchi et al. 2015) . Direct measurement methods involve using monitoring instruments such as sensors to obtain more precise information about body postures (e.g., range of joint motions) or forces exerted on body parts (e.g., hands), which can later be evaluated using ergonomic tools. For instance, Gatti et al. (2011) have investigated the use of Physiological Status Monitors (PSMs) to assess their efficiency in monitoring construction workers' physical strains, and Ray and Teizer (2012) have focused on worker posture estimation using range cameras. Alwasel et al. (2011) have studied the application of magneto-resistive D r a f t evaluation methods are generally less accurate and reliable compared to the other methods (David 2005) . On the other hand, despite the potentially higher accuracy of the direct measurement techniques, their use still remains challenging due to technology and resource limitations; for example, they are usually applied to small population samples, where postures with only limited number of joints can be measured simultaneously (Bao et al. 2007 ).
Furthermore, the accuracy of these technologies is highly affected by the jobsite conditions (e.g., outdoor construction), and some types of sensors (e.g., wearable sensors) limit the worker's ability to freely perform their regular tasks and may result in discomfort. Furthermore, direct measurement techniques are generally used to obtain joint angle values describing a posture that would later be analyzed using existing ergonomic assessment tools. In this regard, ergonomic assessment tools serve as a key to properly identifying and evaluating onsite ergonomic risks associated with human postures.
In field observation, however, the reliability of ergonomic evaluation results is contingent upon manual measurement of inputs required for the assessment tools (e.g., body joint angles, moving distances). The visual ambiguity in estimating those inputs often makes it difficult for a human observer to obtain accurate inputs, leading to inaccurate analysis outcomes.
Consequently, the accuracy of evaluation results and derived risk intervention plans is inherently affected by the subjectiveness towards the evaluator's inputs. In an effort to address this issue, this study proposes a fuzzy logic-based framework to deal with the imprecision of ergonomic assessment inputs caused by human intuition in field observation. This framework involves remodelling the scoring systems of an ergonomic tool. This paper first reviews existing ergonomic assessment tools and discusses the issues pertaining to the impact of input errors on analysis results. Then, the proposed ergonomic model is presented and validated by comparing the results
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Biomechanical analysis enables the identification of ergonomic risks by evaluating the internal loads imposed on the human body's joints and is thus regarded as an objective assessment method. A case study in which the proposed model is applied to modular construction is also carried out, and the contributions and limitations of the study are discussed based on the results.
TRADITONAL ERGONOMIC ASSESSMENT TOOLS
Ergonomic posture analysis is performed using assessment models and checklists in order to evaluate the safety risks involved in human actions by calculating overall scores indicating the level of risk associated with a manual task. This approach considers human postures as well as external risk factors such as task frequency and duration in order to provide a global risk assessment (i.e., ergonomic risks imposed on the human body) associated with a posture. The assessment systems typically require inputs pertaining to the posture of the worker (e.g., body joint angles), the load being handled by the worker (e.g., weight of object being carried), and the frequency of the task (e.g., static, repeated). Using this set of inputs, the level of ergonomic risks associated with a manual task is estimated. These assessment tools typically define discrete boundaries between ranges of input variables (e.g., body joint angle), where inaccurate human perception can lead to discrepancies in the analysis results when an observer fails to clearly distinguish the input values close to boundaries. Considering the imprecision of the inputs, this discrepancy can yield unreliable ergonomic evaluation results. Table 1 shows six of the widely used posture-based ergonomic assessment tools, as well as the inputs with discrete boundaries for each.
[ One of the cases with the highest imprecision of inputs in field observation occurs in estimating body joint angles, as required for posture-based ergonomic assessment tools (e.g., RULA, REBA, LUBA). Since joint angles are the main inputs for such assessment methods, the perception issue on angles close to border ranges can highly affect the accuracy and reliability of the final results. This study focuses on the RULA method as a case study based upon which to discuss the human perception issue with respect to posture estimation, as well as to describe the proposed fuzzy logic approach to ergonomic analysis.
Rapid Upper Limb Assessment (RULA)
RULA is widely accepted as an effective ergonomic assessment method due to its simplicity and precision in assessing posture-related loads (Levanon et al. 2014; Kee and Karwowski 2007) . It is developed to provide a quick way to assess the exposure of workers to ergonomic risk factors by examining ergonomic risks imposed on the human body (McAtamney and Corlett 1993) . The assessment is focused on the neck, trunk, shoulder, and upper limbs, which are the most relevant body sections in many types of work with a high rate of WMSDs, including construction tasks (Takala et al. 2010) . In RULA, each body segment is considered independently and a corresponding score is calculated for the body part based on its posture. For each body segment (i.e., upper arm, lower arm, wrist, neck, and trunk), the ergonomist assigns the posture to one of the categories proposed by RULA and obtains the corresponding score for that body part. The final score, which represents the level of risk, is then obtained by combining the scores of different body segments.
RULA also considers the frequency of the task (i.e., muscle use) and the force exerted on the worker's body. 
Human Perception Issue in RULA
The RULA method has been validated by McAtamney and Corlett (1993) , who conducted an experiment in an ergonomics laboratory environment by analyzing subjects performing a data entry operation. The experiment aimed to investigate whether RULA scores appropriately reflect the musculoskeletal loads corresponding to the test subjects' reports of pain, ache, or discomfort in the relevant body part. The Chi-Square (X 2 ) statistical test was used to determine the association between RULA score and any reported pain, ache, or discomfort, and a highly significant association (P < 0.01) was reported. In order to test RULA's reliability, over 120 ergonomists and engineers were trained to assess motions of operators and workers using RULA.
A high consistency in RULA scores was found among the subjects.
However, discrepancies occurred in cases where the posture consisted of a body part being located at a border between two ranges (McAtamney and Corlett 1993) . Although the ranges of lower arm were modified from the original version in order to mitigate this discrepancy, the issue still remains for any posture with body segments close to the border of ranges. While observing a worker motion in order to evaluate it using an ergonomic assessment tool such as RULA, the evaluator inputs the body segment angles based on approximate estimates rather than precise values. However, the RULA system proposes discrete boundaries between the angle ranges for the different body parts. This results in discrepancies in the RULA results for postures involving body segments close to the angle borders.
For example, three different postures are created for comparison in a 3D modelling environment with exact values of joint angles (Fig. 1) . Consequently, the total RULA score and corrective plan of action will be different for these two postures. This discrepancy occurs due to the inputs selected being close to the border of angle ranges.
[ Fig. 1 . Postures corresponding to data in Table 2] [ Table 2 . RULA scores for three sets of inputs]
For further analysis, Fig. 2 shows the change in the RULA Arm & Wrist score, when lower arm and wrist angles remain fixed and the upper arm angle changes from -90° to 180°. As shown in the chart, the discrete boundaries between angle ranges results in sudden change of score at border angles (e.g., -20°, 20°). Considering the imprecision of inputs caused by human perception, a gradual transition between the scores, rather than an abrupt change, will improve the accuracy of the method. Since RULA is being widely used as an efficient ergonomic assessment tool, this study aims to improve its reliability by addressing the issue of discrepancy about data. The rule's antecedent defines the extent to which the rule applies using membership functions, and the conclusion assigns a membership function to the output variables. The inference process starts with assigning membership grades to the inputs based on the premises of the rules, known as fuzzification. The membership degrees in the rule's premise are then combined, typically using minimum or product operators, which is known as inference. The fuzzy subsets assigned to each output variable are then combined, usually using s-norm operators, to form a single fuzzy subset in a process known as aggregation. Finally, the fuzzy output set is converted to a crisp number through defuzzification. The basic configuration of a fuzzy logic system is shown in Fig 3. [ After rule aggregation and as the final step (Defuzzification in Fig. 3 In order to validate the Fuzzy RULA model, a two-step validation process is carried out. The first step is to ensure that Fuzzy RULA has a high correlation with the RULA method. The second step involves validating that Fuzzy RULA is a more accurate representation of the loads exerted on the worker's body than is RULA. The base case of the Fuzzy RULA expert system is developed using triangular and trapezoidal membership function shapes, the minimum t-norm operator for combining the input variables, the product operator for implication of the combined input to the output in each rule, the maximum s-norm operator for the aggregation of the rules, and the Center of Maximum (CoM) method as the defuzzification method.
Correlation between RULA and Fuzzy RULA
In order to study the correlation between RULA and Fuzzy RULA, a correlation analysis is performed using the Spearman's rank correlation coefficient (Spearman 1904) . The Spearman's rank correlation coefficient, also known as Spearman's rho (ρ), is a nonparametric measure of statistical dependence between two variables. It is a measure of the dependence between two variables, giving a value between +1 and -1, where 1 is total positive correlation, 0 is no correlation, and -1 is total negative correlation. In order to detect a simple correlation (r = 0.5) of N observations with a 5% significance level (α = 0.05) test and 80% power (β = 0.2), the required sample size is 29 (Lachin 1981). Thus, 29 random input data sets (joint angles, muscle use, and force) are generated, and the RULA score and Fuzzy RULA score are calculated for each data set. As a result, a Spearman's rank correlation coefficient of 0.833 is calculated between the two sets of scores, which indicates strong correlation (Mukaka 2012) between the RULA system and Fuzzy RULA. Biomechanical analysis is the study of human motion as a function of body structure in order to identify and prevent causes of injuries through the assessment of internal loads on the human's joints in order to analyze musculoskeletal stresses on the joints at risk (Armstrong et al. 1996) .
Correlation between
Biomechanical models enable estimating internal forces imposed on body joints that cannot be easily measured by describing the complex musculoskeletal systems of the body (Chaffin 2008).
Since biomechanical analysis provides an objective assessment of ergonomic risks associated with a posture, the correlation between the Fuzzy RULA model and biomechanical analysis is Table 3 shows the result of the sensitivity analysis for the 32 cases of linear membership function.
[ Table 3 . System configurations for sensitivity analysis]
CASE STUDY: APPLICATION IN MODULAR CONSTRUCTION
A case study is carried out to illustrate the application of these procedures in practice in order to further validate the fuzzy system with motion datasets obtained from an actual site. This case study also provides a context for discussing the motivation for this study from a practical perspective. In this case study, the developed fuzzy expert system is used to assess the ergonomic risks associated with manual activities in a production line of a construction modular There are several potential limitations which further investigation is required in order to address. First, it should be noted that this paper focuses solely on RULA. The proposed fuzzy expert system can be applied in a similar manner to other types of posture-based ergonomic evaluation methods (e.g., REBA, LUBA), as they require similar types of inputs to RULA but only differ in the number of posture categories or in the body parts to be observed. Nevertheless, the membership functions and model parameters selected in this paper may differ from other tools that define the varying input boundaries. The boundaries set differently may affect human cognitive systems in recognizing and distinguishing human postures. Thus, understanding of human perception is required in order to properly determine fuzzy logic parameters and membership functions.
Second, other types of ergonomic assessment methods require different inputs (e.g., horizontal multiplier in NIOSH lifting equation in Table 1) Third, this study uses low back compression imposed on the human body as the measure of level of ergonomic risks from the results of biomechanical analysis. Although the back is the most commonly injured body part in ergonomic injuries (Work Safe Alberta 2012), it should be noted that an increase in the RULA or Fuzzy RULA score does not always result in a corresponding increase in the lower back compression. This is due to the fact that the methodology for identifying the level of risks is different in the two approaches, and the results D r a f t of the ergonomic evaluation methods also focus on the loads exerted on other body joints. This study only used the back compression from biomechanical analysis as it more appropriately reflects the ergonomic risks compared to other body parts. In future research, additional results of biomechanical analysis, including forces exerted on other body joints, will be extracted and used for correlation analysis to achieve more comprehensive results.
In addition, the Fuzzy RULA expert system, in its current format, requires discrete angle and force values as inputs and produces a final RULA score in a deterministic form. Although the imprecision inherit in estimating body angles of a posture is considered in the proposed model, the user still needs to select only one distinct value for each input (e.g., upper arm angle). Since processes. Thus, fuzzy logic approaches will be studied in order to better address the description of job conditions and requirements in evaluating the demands of a physical activity.
CONCLUSION
The continuous improvement of construction safety and health depends on the early identification of potential risk and timely mitigation of such at-risk conditions. List of Figures   Fig. 1 . Postures corresponding to data in Table 2 Fig Table 2 Posture I Posture II Posture III D r a f t 
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